ABSTRACT Image segmentation is critical and challenging in computer vision and medical image analysis. Despite decades of research, existing segmentation algorithms are still subject to typical segmentation problems, such as over-segmentation, under-segmentation, and non-closed and spurious edges. In this paper, taking the carpal bones from hand X-ray images as the foreground regions, we propose a segmentation approach to integrate segmentations from region-based and boundary-based methods to tackle these typical segmentation problems. First, adaptive local thresholding and adaptive Canny edge detection are explored to extract foreground regions and the edge map. Second, the integration of the edge map and foreground regions by XORing is proposed, to tackle the over-segmentation by adding a background boundary from the edge map near the carpal bone boundary so as to break the connection between the foreground and the over-segmented background, to handle under-segmentation by adding a foreground boundary from the edge map near the carpal bone boundary so as to enclose the missing foreground due to under-segmentation, and to complement non-closed edge and spurious edge from the edge map through the carpal bone regions from the local adaptive thresholding. Optionally, marker-controlled watershed segmentation or an active contourbased method is employed to refine the integrated segmentation. The segmented foreground regions are identified through exploring a prior model. The proposed approach has been validated on 30 representative X-ray hand images for non-overlapping carpal bones to yield an average Dice coefficient of 0.976 ± 0.006. The proposed method could provide a theory or tool for accurately segmenting images with discernible boundaries and non-uniform grayscale distribution both within the background and foreground.
I. INTRODUCTION
Accurate image segmentation is a prerequisite for computer vision and medical image analysis. Despite decades of research, existing segmentation algorithms are still harassed with typical segmentation problems such as over-segmentation, under-segmentation, and non-closed and spurious edges. The two basic segmentation methods are boundary-based and region-based segmentations [1] .
As pointed out by Munoz et al. [2] : both boundary-based and region-based techniques often fail to produce accurate segmentation. Specifically, in boundary-based methods, if an image is noisy or if its attributes differ by only a small amount between regions, edge detection may result in spurious and broken edges; edge linking techniques can be employed to bridge short gaps in such a region boundary, although this is generally considered a very difficult task; region-based methods always provide closed contour regions, but tend to sacrifice resolution and details in the image. The two major forms of region-based methods are region growing and grayscale thresholding. The choice of similarity criterion for region growing is critical, which may yield underor over-segmentation [3] . Thresholding can be global and local, with the former being likely to yield over-or undersegmentation [4] , [5] , and the latter being less well studied and having the potential to handle images with low contrast and complicated grayscale distribution [6] . By using the complementary nature of boundary-based and region-based information, it is possible to solve the problems that arise in each individual method. The difficulty lies in the fact that the two approaches involve conflicting and incommensurate objectives. Thus, as observed by Pavlidis and Liow [7] , while integration has long been a desirable goal and is the case for human vision [8] , achieving integration is not an easy task.
There are two kinds of integration: embedded integration and post-processing integration [2] . The embedded integration strategy usually consists of using previously extracted edge information, within a region segmentation algorithm to control the region based process. Postprocessing integration can be in one of the three forms: over-segmentation, boundary refinement, and selectionevaluation. Over-segmentation begins by obtaining an oversegmentation from region or boundary based method, and the region boundary is compared with edge criterion to remove false boundary. Boundary refinement begins with region-based segmentation to derive an initial segmentation to be refined through multiresolution or active contour to achieve a more accurate representation of the target boundary. Selection-evaluation uses edge information to quantify the quality of region-based segmentation such as defining an adequate stopping criterion or setting appropriate thresholds, and chooses the best region segmentation where the region boundaries correspond most closely to the contours. As explicitly pointed out in [2] , for post-processing integration, it needs a relatively good set of initial segmentations from region-based and/or boundary-based methods, and it is common that the strategy may not be able to correct some initial mistakes.
Recently, there are progresses in combining region-based and boundary-based information for better segmentation. The most typical integration is in the framework of variational method to optimize a multi-objective function consisting of boundary-based and region-based information [9] . As pointed out in [2] , this kind of method is generally sensitive to initial conditions and can be effective only when the initial contours are sufficiently close to the real boundary. Another drawback is that the variational method may miss small structures [5] . The other popular way for integration is to refine the boundaries of region-based segmentation with Canny edge detector [10] .
This study is focused on post-processing integration so as to increase the boundary accuracy of the region-based segmentation through the edge map of the boundary-based segmentation, to bridge the non-closed edges and to get rid of spurious edges of the boundary-based segmentation through the region-based segmentation. For this purpose we need to explore appropriate methods for region-based segmentation and boundary-based segmentation. As was shown in [6] , the adaptive local thresholding is employed for region-based method due to its ability to handle substantial grayscale variation, grayscale overlap between objects and background, and the unpredictable size of objects. On the other hand, the Canny edge detector has remained a standard for many years and has best performance [11] , so the Canny edge detector with an adaptive high threshold based on the statistics of grayscale gradient magnitudes of all ridge pixels [12] is employed as the boundary-based method for integration. Optionally, the integrated segmentation can also be taken as an initial segmentation to be refined further either by markerbased watershed algorithm or active contour model.
To illustrate the feasibility of the proposed segmentation approach, it is applied to segment non-overlapping carpal bones from X-ray hand images with thorough quantifications. From the medical images under examination, input of the images and further analysis using an intelligent classification system is able to determine medical condition based on labelling of the medical data [13] .
Medical image diagnostics pertains to a class of patient health analysis system [14] . It has been pointed out that the carpal bones are most useful in determining the bone age of children in younger ages [15] - [18] , i.e. male under 7-year-old and female under 5-year-old. Due to the nonuniformity of soft tissue and bony structure, applying a fixed threshold or an adaptive threshold with fixed window size on the whole carpal region of interest (CROI) to segment all carpal bones does not work (Fig. 1) . Pietka et al. [19] utilized a rough separation based on the grayscale histogram within the CROI, followed by a dynamic thresholding with a window of 33 * 33 (9 * 9) pixels for soft tissue (bone) pixels for refinement. Unfortunately, they used very limited number of X-ray images and there were misrepresentations of carpal bone size. Zhang et al. [20] applied an anisotropic diffusion filter [21] followed by edge detection using Canny method [22] , [23] . However, many a time the detected carpal bone boundaries were not closed. In addition, both boundarybased and region-based methods may yield bad segmentation due to inappropriate parameters such as thresholds.
II. THE PROPOSED APPROACH
The proposed approach consists of: 1) segmenting carpal bones with the region-based method (i.e., local adaptive thresholding [6] ); 2) attaining the edge map through Canny edge detector with an adaptive high threshold based on the statistics of grayscale gradient magnitudes of all ridge pixels [12] ; 3) integrating the edge map and region-based segmentation by XORing, and filling holes, followed by morphological open with a structuring element of 3 * 3 for better separation of connected components; and 4) boundary refinement of objects through marker-based watershed [24] or active contour method [25] . Here the last step is optional, meaning that the integrated segmentation can be taken as either initial or final segmentation. In addition to carpal bones, the CROI image includes parts of ulna, radius and metacarpals. A prior model describing the relationship of carpal bones is built to facilitate identifications of carpal bones.
Denote the edge map as E(x, y) with 1 for edge pixel and 0 otherwise, the binary image from region-based segmentation as B(x, y) with 1 for foreground and 0 otherwise, and the integrated image as In(x, y). The integration through XORing the edge map and region-based segmentation is done this way: In(x, y) is initialized as B(x, y), then is changed at edge pixels: when E(x, y) is an edge pixel, In(x, y) is set to 1/0 when B(x, y) is 0/1.
After derivation of the CROI image, the proposed approach consists of four components: local adaptive thresholding in CROI, edge detection in CROI, integration of the regionbased and boundary-based segmentations, and model-based identification of carpal bones. Fig. 2 is the corresponding flow chart of the proposed method.
A. EXTRACTION OF CROI
To locate and extract CROI from X-ray hand images, a binary mask is first obtained through grayscale thresholding based on histogram. The foreground region with the maximum area is taken as the hand mask (Fig. 3) . The carpal bone region locates in the wrist part, with significant width change near the junction of palm and forearm. The convex-hull of the hand mask could be obtained from the approximated polygonal contour, based on which the convexity defects of the hand contour are derived (Fig. 4) , with the two defects at the distal end of the forearm being chosen as endpoints to locate the wrist. A circle is obtained with the line segment of the two defect points as its diameter and their middle point as the center of the circle to derive the circumscribed square with its sides being parallel or perpendicular to the X axis. As morphological operations with a structuring element of 3 * 3 or 5 * 5 are needed in subsequent processing, the square is increased by 5 pixels in the left and right directions, and 10 pixels in the upward direction. At the bottom of the square, as there are parts of ulna and radius which are irrelevant, we thus decrease the square in the downward direction by a quarter of the radius. After modifications, the circumscribed square becomes a rectangle containing all the carpal bones, the distal parts of ulna and radius, and the proximal end of metacarpal, which is taken as the CROI (Fig. 5(c) ).
B. LOCAL ADAPTIVE THRESHOLDING IN CROI IMAGES
Due to the non-uniformity of bony structure, the low contrast between carpal bones and soft tissue in the early development stage and the unknown and variable size of carpal bones, VOLUME 6, 2018 FIGURE 4. Derivation of hand convexity defects: (a) approximated polygonal contour of the hand mask, (b) the convex hull (red line segments) of the polygonal contour and convexity defects (small white circles). both global thresholding and the local thresholding with fixed window size could not work appropriately (Fig. 1 ). As such, the adaptive local thresholding method [6] is explored to segment the carpal bones based on a way to adaptively determine local contrast.
The local thresholding with varied window size could be determined this way: for each pixel (x, y), the corresponding local window is the window centered at (x, y) with a window width W (x, y) and height H (x, y); find the maximum grayscale standard deviation for all possible window widths and heights of all the pixels and denote it as sd max ; find the minimum W (x, y) = H (x, y) such that the grayscale standard deviation within the local window sd(x, y) is not smaller than 0.6 * sd max . Local threshold T (x, y) is determined by formula (1),
where m(x, y) is the local grayscale mean, k is a constant through experiments or prior knowledge and T (x, y) is the local thresholding value. This thresholding approach works well in low contrast regions and foregrounds with variable sizes ( Fig. 1(d) ).
C. EDGE DETECTION IN CROI IMAGES
As Canny method is known as an optimal edge detector [22] , [23] , it is explored to localize potential carpal bone boundaries. As it is difficult to extract the carpal boundaries due to the noise in image, image blurring and non-uniformity of bony structures and soft tissues, adaptive thresholding is employed [12] for determining the high threshold of Canny edge detector. First, adaptive Gaussian filtering is utilized for image blurring [26] . According to possibilities of containing edges, small grayscale standard deviation σ is used for edge regions and big σ is used for non-edge regions [27] . The gradient magnitude g(x, y) and direction for every pixel is computed using Sobel operator. By applying the non-maxima suppression, ridge pixel image is obtained to generate gradient magnitude histogram. Gradient magnitude g m with the highest number of pixels is found and mean squared error value γ m is calculated by
where K is the number of gradient magnitude values and h(g n ) indicates proportion of gradientg n . The high gradient threshold T h is then computed as
and the low gradient threshold is taken to be one third of T h to yield the edge map (Fig. 6 ).
D. INTEGRATION OF THE REGION-BASED AND BOUNDARY-BASED SEGMENTATION
Two terms are introduced for the integration: background boundary and foreground boundary pixel. A background/foreground boundary pixel is a boundary pixel between the foreground and background and itself is a background/foreground pixel. Denote the segmentation from the local adaptive thresholding as B (x, y) (1 for foreground pixel, and 0 otherwise) and the edge map from the adaptive Canny edge detector as E (x, y) (1 for edge pixel, and 0 otherwise) respectively. We propose a fusion strategy to derive the integrated segmentation image In (x, y). In (x, y) is initially set as B(x, y). The integration of B(x, y) and E (x, y) is to change In (x, y) through XORing, which is described and justified below: 1) If there are over-segmentations from the local adaptive thresholding due to the relatively high grayscales of soft tissue around carpal bones, the foreground of B(x, y) will go beyond object boundaries which should be removed. This is achieved by changing In (x, y) from 1 to 0 if E (x, y) is 1 to add background boundaries for breaking the connection between the carpal bone and the surrounding soft tissue. (red rectangle and red arrow, Fig. 7 (a)-(c)). 2) If there are under-segmentations from the local adaptive thresholding due to the non-uniformity of bony structures or the relatively low grayscales of carpal bones, the foreground of B(x, y) will not reach the bone boundaries which should be added. This is achieved by changing In (x, y) from 0 to 1 if E (x, y) is 1 to add foreground boundaries for enclosing the missing bones due to under-segmentation. (blue rectangle and blue arrow, Fig. 7 (e)-(g)). 3) Generally, soft tissue around carpal bones is nonuniform in density, and carpal bone boundaries are ambiguous at the stage of calcification or ossification center. Edges from the adaptive Canny detector may be non-closed or cannot represent complete carpal bone boundaries. In addition, the adaptive Canny edge detector also extracts edges inside and outside bony structures. On the other hand, appropriately tuned local adaptive thresholding provides good regional segmentation of carpal bones, can fill the broken parts of the edge map and segment tiny structures. Fusion of thresholding and the edge map can complement each other (yellow rectangle and yellow arrow for non-closed edges, Fig. 7 (i)-(k) ).
E. MODEL-BASED IDENTIFICATION OF CARPAL BONES
In addition to carpal bones, the CROI image includes parts of ulna, radius and metacarpals. These non-carpal structures usually touch the CROI borders and are of non-quasi-circular shapes.
We utilize the anatomical prior [28] , [29] for supervised learning to identify the segmented carpal bones. Then we extract the boundary and gravity center of each carpal bone. A polar coordinate system with the origin at the center of capitate gravity is built, with the horizontal/vertical axis being the short/long axis of the capitate. As the capitate and the hamate are the first two bones to appear in chronological order, they are the most reliable bones to be considered as After hole-filling, morphological open is applied to increase the spacing between the bone and the oversegmented soft tissue and to remove spurious isolated edges. We identify and pick all carpal bones in CROI to get the initial segmentation result (Fig. 7 (d), (h), (l) ).
F. BOUNDARY REFINEMENT
After carpal bones are identified from the fused segmentation In (x, y), two methods could be employed to refine the carpal bone boundaries: marker-controlled watershed segmentation and active contour based refinement.
Marker-controlled watershed segmentation: The markercontrolled watershed segmentation algorithm [24] takes gradient image as input, and makes use of markers as local minima for water flooding, with the automatic determination of appropriate markers being difficult and critical. It provides an efficient way to incorporate prior information to avoid over-segmentation compared to traditional watershed algorithm [30] . The foreground and background markers are automatically determined: In (x, y) is eroded so that the foreground components will not disappear or break into more than one foreground components, which is then taken as the foreground marker, and background markers are extracted based on distance transform of In (x, y). Details are given below:
Given the input image i (x, y), gradient magnitude image g (x, y), and initial segmentation In (x, y), 1) Initial segmentation In (x, y) is eroded to make sure that each foreground region not only stays inside bone region, but also would not be eliminated to get the eroded segmentation es (x, y) which is initialized as In (x, y).
2) Distance transform is applied to the background regions of es (x, y). Marker-controlled watershed algorithm is applied to the distance map, taking all connected foreground regions of es (x, y) as background markers to extract the waterlines. These extracted waterlines, and the foreground regions of es (x, y) are respectively set as the background and foreground markers to form the marker image. 3) Taking the gradient magnitude image g (x, y) as the input and the marker image as markers, the markercontrolled watershed algorithm is applied again to derive the refined segmentation. Active contour based refinement: We employ an edge-based active contour model for refinement [25] . Here we use the segmentation of the integrated segmentation In (x, y) to construct the initial level set function. As the initial segmentation In (x, y) is supposed to be close to the real carpal bone boundaries, the search is confined to a narrow band obtained from erosion and dilation of In (x, y) with a structuring element of 5 * 5. Details are given below:
1) The input image and initial segmentation are respectively i (x, y) and In (x, y). In (x, y) is dilated first with a structuring element of size 10 * 10, to get the dilated segmentation ds (x, y).
2) The input image i (x, y) is smoothed with Gaussian
filtering to calculate the gradient magnitude image g (x, y) through finite difference, with other pixels outside the foreground regions of ds (x, y) having a g (x, y) value of 0. Then an edge indicator e (x, y) is computed:
e(x, y) = 1
3) The initial level set function is constructed based on initial segmentation In (x, y)
4) The energy function is constructed as following:
where δ is the univariate Dirac function and H is the Heaviside function. The level set function φ is evolved in a level set formula iteratively from the initial φ 0 until it converges:
5) The refined segmentation is obtained by thresholding the final level set function φ.
III. EXPERIMENTS A. DATASETS
To validate the proposed method, experiments have been carried out for quantifications, using 500 hand X-ray image from Beijing Jishuitan Hospital and Shenzhen Children's Hospital ranging from 2 to 7 years in chronological age with at least two carpal bones and all appearing carpal bones being nonoverlapped.
B. RESULTS
The ground truth of the segmentation of the carpal bones was obtained by manual delineation. As manually delineating carpal bones is time-consuming, laborious with uncertainty especially when carpal bones are not conspicuous, careful attention has been made to delineate carpal boundaries of 30 representative carpal data (5 randomly picked samples for 6 groups of subjects with 2, 3, 4, 5, 6, and 7 carpal bones) under the guidance of orthopedic experts Cheng X and Ma Y from Beijing Jishuitan Hospital for quantification. The proposed algorithm was implemented with C++. The segmentation accuracy is assessed using the most common performance measure: Dice coefficient (DC) [6] which measures the match between the segmented and ground truth carpal bone voxels.
Segmentation results of the 30 representative data can be found in appendix.
C. PERFORMANCE OF THE LOCAL ADAPTIVE THRESHOLDING
For the local adaptive thresholding, the parameters (minimum/maximum window size, and k in formula (1)) are tuned to be respectively 10 pixels, 150 pixels and 0.06 to include at least half of the carpal bone as foreground pixels. Fig. 8 shows typical cases of significant over-segmentations (red rectangles) and under-segmentation (blue rectangles), with the average DC of the carpal bones which are not significantly over-segmented after foreground hole-filling being 0.903, 0.906 and 0.911 respectively.
For the 30 data with ground truth delineations, there are 23 data with significant over-segmentation. There are 97 segmented carpal bones out of the total 135 carpal bones without significant over-segmentation to yield an average DC of 0.918 ± 0.034. closed boundaries (89.6%) to yield an average DC of 0.979 ± 0.004. Fig. 10 shows typical cases of integration (over-segmented bones, under-segmented bones and non-closed edges) to segment all the carpal bones with an average DC of 0.918, 0.932 and 0.924, respectively.
D. PERFORMANCE OF THE ADAPTIVE CANNY EDGE DETECTION

E. PERFORMANCE OF THE INTEGRATED SEGMENTATION
For the 30 data with ground truth delineations, all carpal bones could be well segmented to yield an average DC of 0.933 ± 0.014. For the 30 data with ground truth delineations, all carpal bones could be well segmented to yield an average DC of 0.976 ± 0.006 (0.965 ± 0.008) for watershed (active contour) refinement.
G. COMPARISON WITH EXISTING METHODS
For segmenting carpal bones from hand X-ray images, as no public data are available, a direct comparison is not feasible. In [19] , Pietka et al. employed segmentation based on adaptive thresholding with fixed window size, reported quantification of 30 subjects without presenting the accuracy, but they pointed out that 2 carpal bones with a diameter not greater than 2 mm were missed, 2 triquetrals and 3 multangulars were enlarged. Zhang et al. [20] employed Canny edge detector for segmenting the carpal bones without quantification. As illustrated in Fig. 1 and Fig. 7 , segmentation based on adaptive thresholding with fixed window sizes [19] and segmentation based on Canny edge detector [20] tend to fail and have an inferior segmentation accuracy than the proposed integration segmentation.
H. PERFORMANCE OF SEGMENTATION AND IDENTIFICATION
TABLE II summarizes the segmentation accuracy and execution time of the proposed approach against the 30 data.
Paired t-tests have been carried out to find that the segmentation with watershed refinement yields significantly better accuracy than both the segmentation with active contour refinement (P < 0.001) and segmentation without refinement (P < 0.001), and the segmentation with active contour refinement yields significantly better accuracy than segmentation without refinement (P < 0.001).
IV. DISCUSSION AND CONCLUSION
Accurate segmentation is vital and challenging. Regionbased method can produce close boundaries but could not delineate accurately the boundaries, while boundary-based method is good at locating boundaries but may miss weak boundaries and produces spurious boundaries. A method to integrate the advantages and handle well their disadvantages of region-based and boundary-based segmentations, is thus desirable and could provide a theory or tool for accurate image segmentation. Existing region-based and boundarybased segmentation methods are challenged with over-and under-segmentation in case of carpal bones from hand X-ray images ( Fig. 1) due to the non-uniformity of bony structure, the low contrast between carpal bones and soft tissue in the early development stage and the unknown and variable size of carpal bones.
In this study, a post-processing integration of the regionbased and boundary-based segmentations is proposed so as to increase the boundary accuracy of the local adaptive thresholding through the edge map from the adaptive Canny edge detector, to bridge the non-closed edges and to get rid of spurious edges of the adaptive Canny edge detector through the segmented regions from the local adaptive thresholding. Specifically, the proposed approach consists of 4 components: segmenting objects with the local adaptive thresholding, attaining the edge map with the adaptive Canny edge detector, integrating the edge map and region-based segmentation by XORing, and optionally, boundary refinement through watershed or active contour model. The proposed approach has been applied to segment the non-overlapping carpal bones from X-ray hand images to yield an average DC of 0.976 with an average time 24 seconds (TABLE II) . The proposed integration can handle well the over-segmentation (red rectangle and red arrow, Fig. 7 ) by adding a background boundary from the edge map near the object boundary to break the connection between the foreground and the over-segmented background. It can also handle well the under-segmentation (blue rectangle and blue arrow, Fig. 7 ) by adding a foreground boundary from the edge map near the object boundary to enclose the missing foreground due to under-segmentation. Likewise, the non-closed edges and spurious edges from the edge map are complemented by the local adaptive thresholding to provide good regional segmentation of carpal bones to yield good segmentation (yellow rectangle and yellow arrow, Fig. 7) .
Since the proposed method is a post-processing integration, it needs a relatively good set of initial segmentation results from region-based and boundary-based methods [2] . As such we have chosen the state-of-the-art methods for region-based and boundary-based segmentation, i.e., local adaptive thresholding [6] and adaptive Canny edge detector. For the 30 X-ray hand images with ground truth delineations, the local adaptive thresholding could extract 71.9% carpal bones without significant over-segmentation to yield an average DC of 0.918 ± 0.034, the adaptive Canny edge detector could extract 89.6% carpal bones with closed boundaries to yield an average DC of 0.979 ± 0.004, reflecting the fact that both methods could fail to segment the carpal bones in cases of complex grayscale distribution and/or weak boundaries and could segment most of the carpal bones with good accuracy. The lower segmentation accuracy of the local adaptive thresholding reflects the fact that region-based segmentation has an inferior boundary delineation to the adaptive Canny edge detector. The proposed integration can avoid the segmentation failure to segment all the 135 carpal bones with an average DC of 0.933 ± 0.014. The integrated segmentation can further be enhanced by watershed or active contour methods, to yield significantly better segmentation accuracy (P<0.001), with an average DC being 0.976 ± 0.006 for watershed refinement and 0.965±0.008 for refinement based on active contour model (Table II) . The refined segmentation is significantly better than the integrated segmentation, which may reflect that fact that the boundaries of the integrated segmentation are partly determined by the region-based segmentation to deviate from the real boundaries due to the absence of the edge map from adaptive Canny edge detector, and these parts of boundaries are refined from the watershed or active contour model to be closer to the real boundaries. The refinement based on watershed is significantly better than refinement based on active contour model (P < 0.001), which could be due to the fact that the refined boundaries by watershed are purely determined by the grayscale gradients while the refined boundaries by active contour model are a balance of grayscale gradients and boundary smoothness, while the DC is a measure of closeness to real boundaries without considering boundary smoothness. In addition to an inferior segmentation accuracy, refinement based on active contour model takes much longer time than the refinement based on watershed method (41.6 ± 1.2 vs. 24.4 ± 1.0 seconds, TABLE II). Thus it is recommended to utilize watershed instead of active contour for refining the integrated segmentation.
The proposed approach could also handle well meningioma CT images (https://medpix.nlm.nih.gov/case?id= 11493b95-e300-45e8-9b6e-4746f0f92f02) and transmission electron microscopic images (https://mathematica.stack exchange.com/questions/32830/size-distribution-of-nanopart icles-from-a-transmission-electron-microscopic-imag). Figs.12 and 13 show the results of local adaptive thresholding (only applied to pixels inside the brain), adaptive Canny edge detection and the integration without refinement of these two types of images respectively. Visually, these objects are segmented with satisfaction and are better than the segmentations from either local adaptive thresholding or adaptive Canny edge detector.
The main contribution of this study is to integrate segmentations from region-based and boundary-based methods to tackle the typical segmentation problems such as oversegmentation, under-segmentation, and non-closed and spurious edges. Validation on non-overlapping carpal bones from X-ray hand images, suggests that the proposed method is best suited for images with discernible boundaries and nonuniform grayscale distribution both within the background and foreground.
The proposed approach in its current form is heavily dependent on the local adaptive thresholding and the adaptive Canny edge detector. As pointed out in [2], the edge map extraction or thresholding are themselves significant research topics which will extend the applicability of the proposed method. In the present form, the proposed method may not work well in the following scenarios: 1) the adaptive Canny edge detector cannot extract most of the object boundaries, and 2) the local adaptive thresholding produces under-segmentation or over-segmentation which cannot be corrected by the edge map. As an alternative and future direction, we may explore deep learning to derive the region-based segmentation, which is then integrated into the edge map using the proposed integration of region-based and boundarybased segmentations.
APPENDIX
Dice coefficients (DCs) and execution times for 30 representative carpal X-ray images for the integrated segmentation without refinement, the integrated segmentation refined with watershed, and the integrated segmentation refined with active contour model.
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